ABSTRACT Low computational efficiency is a general drawback of the existing mixed integer programming (MIP)-based algorithms used for determining the size of flexible generation resources (FGRs), e.g., microturbines (MTs) and battery storage systems (BSs), for isolated microgrids (IµGs). The simulation of these algorithms can consume dozens of hours, with large quantities of stochastic scenarios considered. In this paper, a decomposition-coordination optimization method is proposed to determine the optimal capacities of the FGRs accurately and efficiently when more than hundreds of stochastic scenarios exist. For energy balancing of the IµG, a worst-case scenario is selected from the stochastic scenarios to determine the feasible capacity range of the MT. Based on the idea to divide the stochastic scenarios into the power-deficiency and power-surplus scenario set, the two scenario sets are separately considered in the decomposition step to realizing power balancing for the IµG. The coordination step adopts the pattern search (PS) technique to obtain the optimal capacities of the FGRs with the intent of minimizing the total capital cost of the IµG. The simulations are performed to validate the accuracy of the proposed method. Relative to the general MIP model, the proposed method has nearly identical accuracy and better computational performance.
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I. INTRODUCTION
Isolated microgrids (IµGs) are considered a highly efficient approach to integrate wind turbines (WTs) and photovoltaic modules (PVs), supplying energy to remote communities or offshore islands [1] , [2] . The uncertainties of renewable generation and load demand are the vital threats to the power reliability of IµGs, causing power curtailment of renewable generation. To mitigate the negative impacts raised by these uncertainties, proper determination of the capacities of flexible generation resources (FGRs), e.g., microturbines (MTs) and battery storage systems (BSs), is required when designing IµGs [3] .
BSs and MTs operate with distinct characteristics and play different roles in terms of power balancing and energy balancing during the operation of IµGs. Determining the ratings of FGRs for IµGs can generally be formulated as a coordinated optimal sizing problem of BSs and MTs in a multi-time scale perspective that includes the planning and operational processes [4] - [6] . However, many solution methods depend on a large number of stochastic scenarios to approximately represent the uncertainties of IµGs and must search massive feasible regions for optimal solutions; thus, high time consumption and memory usage are common drawbacks of these methods.
Many researchers have established stochastic programming models to determine the capacities of FGRs for microgrids that can be solved by mixed integer programming (MIP) methods. Authors in [7] propose a decomposition-based two stages optimization framework for BSs, which converts the original nonlinear problem into mixed integer linear programming (MILP) problems solved in two stages. Ref [8] focuses on sizing the capacities of dispatchable and intermittent DGs and formulates the planning problem as MIP-based two-stage robust optimization model. Power reliability of microgrids is incorporated into the MIP sizing model for energy storage systems in [9] . In [10] , a multi-energy microgrid optimal planning approach is formulated as a MILP model in consideration of battery degradation. The present literature also includes the carbon emission [6] , operating strategies of FGRs [11] , [12] and variable charge-discharge profiles of BSs [13] in the constraints. The objective function can be formulated as either a single objective of minimizing the investment cost or multiple objectives that incorporate the carbon emission cost or the power reliability criterion [14] . In terms of uncertainty representation, a stochastic scenario generation method is used via historical operation data [6] , [13] , specific probabilistic density functions [5] , [14] , or forecasting errors of renewable generation and load demand [15] , [16] . Increasing the number of constraints and objectives and taking into consideration a considerable number of stochastic scenarios can exponentially exacerbate the complexity of FGR sizing problems. Dozens of hours might be required to conduct sizing optimization for IµGs with hundreds of scenarios considered and, even worse, lead to no feasible solutions because of the overburdened memory usage.
To overcome these issues of FGR sizing problems, scenario reduction techniques are used to improve the computational efficiency by aggregating similar scenarios [17] . These techniques, however, may neglect those extreme scenarios with lower probability but higher impact. Some researchers have attempted to use metaheuristic algorithms [15] , [18] or Benders decomposition techniques [19] to reduce the model complexity of FGR sizing problems. However, the performance of these methods remains unsatisfactory when considering a great number of stochastic scenarios.
Motivated by these findings, a decomposition-coordination method is proposed for FGR sizing in the IµG that can efficiently obtain the optimal sizing solutions of FGRs in consideration of a large number of stochastic scenarios. MTs, except for WTs and PVs, are the primary energy suppliers during the operation of the IµG and contribute to the power balance; BSs can only transfer energy to offset energy deficiency or consume overproduced energy, aiding the power balance of the IµG. On this basis, the proposed method divides the stochastic scenarios into the power-deficiency scenario set and the power-surplus scenario set. The worst case of stochastic scenarios is selected to determine the feasible capacity range of the MT in order to ensure energy balancing of the IµG. From the perspective of power balancing, the powerdeficiency scenario set and the power-surplus scenario set are separately considered in the decomposition step to optimize the operational costs of the IµG. In the coordination step, the optimal values of the BS capacities are obtained by the pattern search (PS) technique to minimize the total capital cost of the IµG. Simulations with different numbers of stochastic scenarios demonstrate that the proposed method offers similar accuracy but higher efficiency relative to a general MIP-based FGR sizing model.
To sum up, the main contributions of this paper can be summarized as follows:
• The concept of scenario classification, which classifies stochastic scenarios into power-surplus and power-deficiency scenario sets according to the variation of the imbalanced power of each stochastic scenario, is presented.
• A decomposition-coordination method based on scenario classification and the PS technique is proposed for efficiently sizing FGR in IµGs with a large number of stochastic scenarios considered.
• Compared with the general MIP-based FGR sizing model, the proposed method exhibits nearly identical accuracy, but the computing time of sizing the FGRs significantly decreases from approximately 24 hours to several minutes when considering the same number of stochastic scenarios. This paper is organized as follows. Section II gives a brief introduction to the general MIP model for FGR sizing problems. The factors that affect the performance of the MIP model are briefly discussed in this section. The detailed model of the proposed method and the PS-based solution technique are presented in Section III and Section IV, respectively. The simulation configuration and results comparison with the general MIP model are summarized in Section V. Finally, Section VI concludes the paper.
II. MIP MODEL FOR FGR SIZING
In this section, a general MIP model for sizing the FGRs of the studied IµG is presented as well as a brief discussion of its performance.
A. OBJECTIVE FUNCTION
The total planning cost of an IµG should be minimized as follows to obtain the optimal capacities of FGRs:
The objective function involves minimization of the operation cost of the microgrid and the investment costs of the FGRs, namely, the investment cost of the MT and the BS.
We adopt the cost model described in [20] to calculate the investment cost of FGRs and assume that both the one-time cost and the maintenance cost of the MT and the BS are proportional to their own sizes. For the BS, the one-time cost is already inclusive of the lifetime cost, whereas the operational cost is considered as a part of maintenance cost. Since the operational cost of the microgrid is calculated over 24 h, the investment cost of the FGRs can be normalized as
(2)
where
(where r denotes the interest rate and l is the expected life time); F = {D, B}. The operational cost of the microgrid is calculated as the expected value of the total operational cost as follows:
The renewable curtailment cost and the load loss cost in each stochastic scenario in (4) are respectively given by
As suggested in [21] , [22] the fuel cost of the MT is formulated as
where a and b are the cost coefficients. We adopt the BS degradation cost model in [23] , which is calculated on the basis of its lifetime throughput, namely
; g B and f B are the degradation cost coefficients, whose definitions can be found in [23] .
where P t,s
Bdch for each scenario s at time t.
2) DYNAMIC MODEL OF BS
The dynamic model of the BS can be generalized as [20] 
where x t,s ch + x t,s dch ≤ 0, avoiding the BS being charged and discharged simultaneously [4] .
The energy limit of the BS are
The initial energy constraint is expressed as
The power limits of the BS is given as
3) POWER LIMITS OF MT
The power limits of MT are given by:
C. DISCUSSION OF MIP-BASED FGR SIZING MODEL
Equations (1) to (14) constitute a general MIP model for sizing FGRs. Scenario generation techniques are commonly used to represent the stochastic natures of PV, WT and load demand when solving the MIP model. Thus, the accuracy of portraying the uncertainties of microgrids depends strongly on the number of generated scenarios. Due to the charging-discharging efficiency and the bi-directional power from the BS, two binary variables are introduced into the dynamic model of the BS, as shown in (10) . The solution difficulty of this type of MIP model scales with the number of binary variables [24] . Furthermore, the number of binary variables is highly dependent on the number of stochastic scenarios used in FGR sizing. This condition indicates that taking massive stochastic scenarios into account may deliver accurate but quite time-consuming results while only considering a small number of stochastic scenarios could accelerate the optimization but be at the risk of compromising the result accuracy.
In view of these restrictions, it is necessary to develop an efficient method instead of the MIP model to characterize the trade-off between using massive scenarios to represent microgrid uncertainties and solving the planning problem promptly.
III. PROPOSED METHODOLOGY A. CLASSIFICATION OF STOCHASTIC SCENARIOS
In terms of uncertainty representation of the IµG, the scenario generation and reduction technique stated in [17] is used in this paper, and the normalized probability of each scenario can be derived by
For the s th scenario, the power imbalance is defined as (16) shows the uncertain variation of the IµG from the perspective of the power imbalance of the load demand and renewable generation. If P t,s < 0 at time t, then the load demand exceeds the output power of the renewable generation, resulting in a power outage in the IµG. Otherwise, the condition where P t,s ≥ 0 indicates that the load demand is completely met; however, this condition may result in excessive output power from renewable generation and may cause power curtailment issues.
On this basis, we separate the stochastic scenarios into two different scenario sets, namely the power-deficiency scenario set S − and the power-surplus scenario set S + , whose definitions are presented as follows.
Definition 1: Scenario s ∈ S belongs to the scenario set S − if P t,s < 0 for all t ∈ T .
Definition 2: Scenario s ∈ S belongs to the scenario set S + if there exist values of t ∈ T such that P t,s ≥ 0.
B. WORST-CASE SCENARIO-BASED ENERGY BALANCING
In the case of insufficient renewable generation, we initially determine the feasible capacity range of the MT based on the worst case of stochastic scenarios to preferentially satisfy the load demand. The imbalanced power of the worst-case scenario P t wc is defined in (17) as the minimum value of the imbalanced power within S at time t. (18).
where N D = (P max D − P min D )/δ , and · denotes the ceiling function.
From Fig. 1 , the maximum feasible capacity of the MT can be calculated by
Clearly, if the capacity of the MT is set to P max D , then the IµG can simply rely on the MT capacity to realize the power balance and energy balance at any time in any scenario to satisfy load demand, requiring no additional BS capacity.
Otherwise, if P D [i] decreases gradually, the IµG requires more BS capacities to compensate the part of the imbalanced VOLUME 7, 2019 power that is beyond P D [i]. In Fig. 1 , the shaded areas in yellow and blue represent the amounts of energy that the BS is expected to absorb (E up ) and release (E low ), respectively, when
On account of the charge-discharge efficiency η of the BS, the maximum values of energy that the BS can absorb and release are E ch = E up · η and E dch = E low /η, respectively. In order to guarantee the BS remaining energy to restore to the initial value, namely that the constraint (12) holds, E ch should be at least no less than E dch , that is 
C. POWER-DEFICIENCY SCENARIO-BASED POWER BALANCING
Section III-B determines the feasible capacity range of the MT and the minimum values of the BS capacities from the perspective of energy balancing to ensure no load loss. However, the amount of load loss is also dependent on power balancing of the power-deficiency scenario set S + . For clarity, let σ ∈ S − represent one of the scenarios from S − . The power-deficiency scenario in Fig. 2(a) , whose minimum value of the imbalanced power is less than P D , is taken as an example. One can divide each scenario of the set S − into T σ N time periods according to the imbalanced power and the MT rating capacity P D .
For each scenario σ ∈ S − and T σ n ∈ [T σ 1 , T σ 2 , . . . , T σ N ], the remaining energy of the BS in period T σ n is calculated as follows according to (10) and (11) .
where T σ n is the amount of energy that the BS should supply or absorb, which is given by
The amount of load dumped in period T σ n due to the minimum remaining energy limit of the BS is
The energy provided by the MT to charge the BS and supply load demand during the period T σ n is expressed as
Supplying Load (25) Finally, at the end of a day, that is, in period T σ N , if the remaining energy E T σ N B is less than E 0,σ B , it should dump more load to satisfy the initial energy constraint shown in (12) . Thus, the additional amount of load loss at the end of the σ th scenario is calculated as follows.
Hence, the expected penalty cost of load loss in the scenario set S − is given by
If E T σ N B is larger than E 0,π B , the excessive amount of energy that the MT has produced in the σ th scenario is expressed as
According to (8) , the expected degradation cost in the scenario set S − is calculated by
According to (7), the total fuel cost of the MT in the σ th scenario considering the initial energy constraint is expressed as
It is noted that (22) to (31) are applied for those powerdeficiency scenarios with the minimum values of the imbalanced power less than P D . Since some parts of the imbalanced power of these scenarios would exceed the MT capacity in some periods, they requires the BS to transfer these parts of energy to guarantee power reliability of the IµG. For other power-deficiency scenarios with the minimum values of the imbalanced power larger than P D , it is not economical to use the BS since the charging-discharging efficiency of the BS will lead to energy loss. Thus, for these scenarios, the imbalanced power can be entirely supplied by the MT, and the fuel cost can be calculated by
Accordingly, the expected fuel cost of the MT in the scenario set S − is obtained separately by
D. POWER-SURPLUS SCENARIO-BASED POWER BALANCING
Assuming that the IµGs primarily consume the power generated by renewable energy, the amount of renewable generation curtailment is determined by power balancing in the scenario set S + and the capacity parameters of the BS. Let π ∈ S + represent one of the scenarios from S + . Similar to Section III-C, each scenario of the set S + can be divided into T π n time periods according to the imbalanced power, as shown in Fig. 2(b) . For each scenario π ∈ S + and T π n ∈ [T π 1 , T π 2 , . . . , T π N ], the remaining energy of the BS can be calculated as
where T π n is obtained by
The amount of curtailed energy in period T σ n due to the maximum remaining energy of the BS is
If P t,π > 0 and T π n is larger than the amount of the remaining energy that BS can release, then the excessive part of T π n needs to be supplied by the MT. Hence, the energy provided by the MT to supply load demand during the period
Finally, at the end of a day, that is, in period T π N , the part of the remaining energy that is larger than E 0,π B should be curtailed to satisfy the remaining energy constraint shown in (12) . Thus, the additional amount of curtailed power in the π th scenario is calculated as follows.
The expected penalty cost of curtailed power in the scenario set S + is given by
B , the additional amount of energy the MT provides to satisfy the initial energy constraint in the π th scenario is expressed as
Similarly, according to (8) , the degradation cost in the scenario set S + is calculated by
According to (7), the expected fuel cost of the MT in the scenario set S + is expressed as
IV. SOLUTION ALGORITHM
As illustrated in Section III-B, the minimum BS capacities, namely P B0 [i] and E B0 [i] , are obtained from the worst-casebased MIP model for a specific value of P D [i], which can satisfy only the need for energy balancing. To ensure power balancing of the IµG, the BS capacities should be further optimized based on the scenario sets S − and S + . Therefore, a decomposition-coordination planning method combining S − and S + is proposed in this section.
For a given value of P D [i], the objective function of FGRs planning for the IµG based on scenario classification can be written as
, and C PO , C − d and C − f can be calculated using (27) , (29) The details of the PS algorithm can be found in [25] .
Shown in Fig. 3 is the flowchart of the proposed planning method, whose process can be summarized as follows:
1) Conduct stochastic scenario generation and initialize the algorithm parameters. 2) Classify the scenarios S into the power-surplus scenario set S + and the power-deficiency scenario set S − according to the power imbalance of each scenario. 3) Determine the worst-case scenario using (17) . 
V. CASE STUDIE A. SIMULATION CONFIGURATION
The configuration of a typical IµG studied in this paper is taken from [22] , as shown in Fig. 4 . The IµG includes a renewable generation system consisting of a 450 kW PV and a 150 kW WT. A BS and an MT compose the two major FGR types in this IµG, which are under planning to ensure power reliability of the IµG and exploit renewable generation. The peak load of the IµG is 500 kW. In this paper, it is assumed that the microgrid components operate with zero failure rate and network restrictions are neglected since the structure of the studied IµG is simple [26] . The parameters of the MT and the sodium-sulfur (NaS) BS are presented in Table 1 according to [16] , [27] , [28] . E max B and E max B are set to 90% and 10% of E B , respectively [29] . SoC ini is set to 50% [30] . The interest rates of the MT and the BS are both set to 6%. The parameters of the PS algorithm are λ 1 = 1, α = 1 and β = 0.5.
We implement the proposed decomposition-coordination method in the MATLAB platform and a computer equipped with an Intel Core I7-6700 CPU processor and 8 GB RAM is used for the simulations. Additionally, the general MIP-based FGR sizing model discussed in Section II-A is also developed to compare with the proposed method. Since (10) contains the products of binary variables and continuous variables, the MIP model can be linearized by introducing a new continuous variable to replace the product terms. The details of the linearization technique can be found in [31] . Accordingly, the MIP model can be reformulated as a MILP problem and solved by the Gurobi software package.
B. RESULT VERIFICATION
To represent the uncertainties of renewable energy and load demand, we use the scenario generation and reduction technique stated in [17] to generate 200 stochastic scenarios and reduce the scenario number to 150, 100, 50 and 20, respectively, to compare the accuracy of the proposed method with the MIP model mentioned in Section II-A. Let δ = 1 kW for the proposed method to calculate each studied case. The optimal FGR capacities and the total costs of each studied case are presented in Table 2 and Table 3 , respectively.
As indicated in Table 2 , since δ = 1 kW, the capacities of the MT and the BS obtained from the proposed method differ from those of the MIP model by 0.01 kW (kWh) to 1.4 kW (kWh). But, as a whole, the FGR capacities using both the proposed method and the MIP model are relatively close.
Regarding the planning cost of the FGRs, each term of the planning cost and the total cost calculated by the proposed method are consistent with the results of the MIP model, as indicated in Table 3 . Additionally, if let the studied case with 200 scenarios be the base case, the optimal results of the studied cases with 20 and 50 scenarios have relatively large differences (6.7% and 2.8%, respectively) from the base case while the optimal results of the studied cases with 150 and 100 have smaller differences from the base case (0.21% and 0.32%, respectively). It indicates that considering a small number of stochastic scenarios could compromise the accuracy of the FGR sizing results. 
C. PERFORMANCE ANALYSIS 1) IMPACT OF δ ON PERFORMANCE
To compare the performance of the proposed method and the MIP algorithm, we conduct simulations of the studied cases with different values of δ. In Table 4 , even though the value of δ decreases from 1 kW to 0.01 kW, the relative errors of the total cost between the proposed method and the MIP model are quite small, being within the range of 0.02%. However, the relative errors become larger as δ increases to more than 1 kW.
The times consumed by the proposed method and the MIP model are reported in Table 5 . The consumed times of the different cases calculated using the MIP model are generally greater than the proposed method. Particularly, as the number of stochastic scenarios increases, both the proposed method and the MIP model require more computational time to obtain the optimal results. For the proposed method, as δ decreases, the computational time increases sharply because a smaller value of δleads to more iterations of the PS algorithm. However, the proposed method is still more efficient than the MIP model, even if δ = 0.01 kW.
2) IMPACT OF PATTERN SEARCH PARAMETERS ON PERFORMANCE
The parameters of the PS algorithm, namely λ 1 , α and β, could also be important factors affecting the performance of the proposed method. Therefore, a sensitivity analysis for the studied case with 200 stochastic scenarios is conducted to evaluate the impact of these parameters. Table 6 lists the accuracy and time consumption of the proposed method with different combinations of λ 1 , α and β. The parameter combination [1.0, 2.0, 0.5] are the suggested values from [25] . We again use the relative errors from the results of the MIP model as the accuracy indicator. From Table 6 , it can be observed that the accuracy of the proposed method is almost identical, although the parameters combinations vary. However, larger values of the step λ 1 and the expansion coefficient α can accelerate the proposed method whereas a smaller value of the contract factor β can increase the time consumption of the proposed method. Therefore, the parameter combination [1.0, 1.0, 0.5] is the desirable one that is recommended to be used in this paper.
VI. CONCLUSION
This paper has presented a decomposition-coordination method for FGR sizing in IµGs based on the concept of scenario classification. Numerical simulations and a performance analysis of the proposed method were conducted; the results were compared with the results of the general MIP-based sizing method considering 200 stochastic scenarios. The simulation results of the proposed method were found to be as accurate as those of the MIP model while consuming much less computing time, indicating that the proposed method computationally outperforms the MIP model. Additionally, the result comparison also showed that reducing the number of stochastic scenarios can compromise the accuracy of the planning results. The performance analysis demonstrated that the computational time rapidly increases as the value of the step δ decreases. However, the computational time and accuracy decrease when δ is greater than 1 kW. For the IµG studied in this paper, a step δ of 1 kW was found to be a reasonable choice to efficiently determine the capacities of the FGR. The analysis also showed that the parameters of the PS technique can influence the computational efficiency rather than the accuracy of the proposed method. In general, the proposed decomposition-coordination method is a computationally efficient tool that satisfies the needs of MT and BS sizing in IµGs when considering a large number of stochastic scenarios.
